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Abstract 
In this paper, a group of structure-based algorithms used in the prediction of ligand binding sites in proteins were tested on 
apo-structures, and their results are analyzed and discussed. In particular, we focused on the accuracy of predicting the 
residues at the binding sites as the main criterion for comparison. The data set used for the testing was compiled using the 
LigASite database and consisted entirely of apo-structures. The tools compared are LIGSITE, SURFNET, DEPTH, 
GHECOM, SiteHound, and Fpocket. 
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1. Introduction 
Since the function of a protein is defined mostly by its interactions with other molecules, locations at which 
such molecules bind is of significant importance.  Usually, binding sites are pockets or cavities on the protein’s 
surface. Prediction of these binding sites has its applications in drug discovery as well as in functional 
annotation of proteins [1]. 
Having the holo-structure is usually preferred in drug design. However, holo-structures are not always 
available, and in such cases, the corresponding apo-structures would have to suffice. Unfortunately, working 
with apo-structures in drug design is difficult [2]. This is due to the presence of conformational differences 
between apo-structures and their corresponding holo-structures. These differences make drug design much less 
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trivial. An example of conformational differences between an apo-structure and a corresponding holo-structure 
is given in Fig. 1. 
There is more than one type of binding sites in proteins. Types of binding sites include catalytic sites and 
protein-protein interaction interfaces as well as others [3]. However, in this paper, the focus is only on 
functional sites that bind ligands. Ligand binding sites are of great importance in drug design because most 
drugs act as artificial ligands that bind to such sites [4]. 
A comparison was performed between different structure-based approaches that are used in the prediction of 
binding sites. The approaches that are included in the comparison can be divided into two categories; (a) 
“geometric” approaches that attempt to find cavities and pockets in a protein, assuming that these are where 
small molecules would bind (LIGSITE [5], SURFNET [6], DEPTH [7] and GHECOM [8]); (b) “energy-based” 
approaches that consider the physicochemical properties of a protein’s residues in order to find regions in the 
proximity of the protein that would energetically favor the binding of a ligand (SiteHound [9] and Fpocket 
[10]).  
There are techniques that build upon the above-mentioned categories of structure-based approaches in order 
to achieve better accuracy in the prediction results: 
 
x Considering conservation information 
Usually, residues that bind ligands are conserved [11]. Conservation information of the protein sequence is 
extracted from multiple sequence alignments (MSAs) and is used to improve the prediction of structure-
based approaches. For example, the SURFNET-ConSurf method [12] extracts pockets using SURFNET and 
then uses conservation information from the ConSurf-HSSP database [13] to remove parts of the pocket that 
are far from highly conserved residues. ConCavity [3] is another method that incorporates conservation data 
in the process of binding site prediction itself. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 1. The aliginate binding protein’s (a) apo-structure (PDB: 1Y3Q) and (b) holo-structure (PDB: 1Y3N). It can be seen from the images 
that, in the holo-structure, the binding ligand (in purple stick representation) caused the protein to collapse more upon itself. After such a 
collapse, an existing cavity may be more “well defined” than it was in the apo-structure, which implies that detecting the cavity from the 
holo-structure would be easier than from the apo-structure. The above images were created using PyMol. 
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x Considering protein dynamics 
Proteins are flexible structures that can have more than one possible conformation, and this is why one static 
structure is not always enough to predict the binding sites. Other than well-known molecular dynamics tools 
(e.g. GROMACS [14], CHARMM [15]), there are other tools using less computationally intensive methods 
that can be used to produce ensembles of conformations (e.g. ROCK [16], FRODAN [17], tCONCOORD 
[18]). Having such an ensemble of conformations, a binding site prediction program can then be used to 
predict “transient” pockets [19]. 
 
The above-mentioned techniques were not included in the comparison. These techniques build upon the 
reliability of the structure-based approaches that they complement. Since the predicting ability of a pure 
structure-based approach has a considerable impact on its complemented counterpart, we deemed it appropriate 
to focus our comparison on structure-based approaches in their pure form. 
2. Tools, materials and methods 
2.1. Tools 
Table 1 contains the list of tools that were used to perform the comparison presented in this paper. These 
tools are available as freely accessible web servers and as downloadable source codes (or binaries).  
Table 1. List of binding site predictors used in the comparison 
Program Website 
ConCavity 
(LIGSITE, SURFNET) http://compbio.cs.princeton.edu/concavity/ 
DEPTH http://mspc.bii.a-star.edu.sg/depth/ 
GHECOM http://strcomp.protein.osaka-u.ac.jp/ghecom/ 
SiteHound http://scbx.mssm.edu/sitehound/ 
Fpocket http://fpocket.sourceforge.net/ 
 
ConCavity [3] contains implementations for LIGSITE [5] and SURFNET [6]. In addition, it has the feature 
of incorporating the conservation data of the protein in the binding site prediction process to improve the 
prediction results. However, since the comparison was intended to be purely structure-based, LIGSITE and 
SURFNET were included in the comparison without the use of conservation data. Finally, ConCavity also has 
the feature of producing PyMol scripts for visualizing the prediction results. For examples of the outputs of 
PyMol scripts produced by ConCavity, refer to Fig. 2. 
LIGSITE applies a grid to the protein space. The grid is then scanned along the x-, y- and z- axes, and the 
four cubic diagonals for protein-solvent-protein (PSP) events. At the end of the scans, the ‘solvent’ grid points 
each have a value between 0 (not buried) and 7 (deeply buried), and only grid points above a selected threshold 
are checked to determine if they belong to a pocket. 
In SURFNET, each pair of atoms in the protein has a sphere inserted between them that just touches their 
surfaces. If the sphere overlaps with any other atom, it gets shrunk until it just touches the surface of that atom, 
and so on until the sphere overlaps with no more atoms. Spheres having a radius between 1 and 4 Å are kept 
while others are eliminated. Pockets in the protein are detected as regions with many overlapping spheres.  
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Fig. 2. Outputs of PyMol scripts generated by ConCavity along with the binding site predictions. After binding site prediction of a protein 
is complete, ConCavity generates a PDB file. In this PDB file, the temperature factor for each residue is set to “the probability that it 
belongs to a binding site”. The accompanying PyMol script uses this generated PDB file to produce visualizations like the ones shown 
above. Using a blue-white-red spectrum, the residues are colored using the temperature factor. Blue spheres correspond to residues with 
low probabilities (of belonging to a binding site) while white and red spheres correspond to residues with higher probabilities. (a) PDB: 
3PTE; (b) PDB: 3I3I; (c) PDB: 2QVL 
 
DEPTH [7] is a non-traditional geometric approach that assumes that binding site residues are both deep and 
accessible to the solvent at the same time. It makes use of an already determined background distribution for 
the different amino acids. For each amino acid, each pair of depth (distance from bulk solvent) and SASA 
(solvent accessible surface area) values corresponds to a probability of belonging to a binding site. In a 
prediction, the depth and SASA values for all the residues of a protein are predicted, and then, based on the 
background distribution, each residue is assigned a probability that it belongs to a binding site using its depth 
and SASA values. A threshold is then used to determine binding site residues. As output, DEPTH produces 
files containing the computed depth and SASA values of the protein as well as a PDB file containing residue-
wise probabilities (of belonging to binding sites). 
GHECOM [8] is an extension of an older algorithm called PHECOM [20]. In PHECOM, both small and 
large probes are used to identify pockets. Small and large spheres are placed all around the van der Waals 
surface of the protein. After placing of the probes, small probes that overlap with large probes are removed. 
Based on the assumption that small probes would fit in cavities while large probes would not, small probes that 
still remain after the removal step represent the pockets. GHECOM extended this idea by considering the use of 
a multiscale probe (i.e. several probes of different sizes), a 3D grid representation and mathematical 
morphology. By doing so, GHECOM provided improvements over PHECOM regarding accuracy and 
computational speed. As output, a PDB file containing atom-wise scores is produced as well as the grid 
generated during the run of the algorithm. 
As input, SiteHound [9] takes MIFs (Molecular Interaction Fields) that are generated by EasyMIFs using a 
probe (either a carbon methyl probe or a phosphate probe). Depending on the type of the probe, different types 
of ligand binding sites may be detected. Grid points having a value above a specific threshold (a negative 
value) are removed. From the remaining grid points, “interaction energy clusters” representing binding sites are 
obtained and assigned TIE (Total Interaction Energy) scores to be used in ranking the sites. As output, the files 
generated include a file containing the predicted clusters ranked by their TIE scores as well as a file containing 
the binding site residues per cluster. 
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Fig. 3. The result of a PyMol script generated by Fpocket along with the binding site prediction (PDB: 1HKA). Pockets in the protein are 
denoted by the colored spheres. A PDB file that is also generated by Fpocket contains the pockets and is used by the PyMol script to 
produce the visualization above. 
 
Fpocket [10] uses Voronoi tessellation and alpha spheres to predict binding sites. Alpha spheres are spheres 
that are in contact with four atoms with no internal atom. The alpha spheres are obtained using Voronoi 
tessellation where the Voronoi vertices are the centers of the alpha spheres. The obtained alpha spheres are of 
different of sizes; spheres that are small in size lie within the protein while large spheres lie at the protein’s 
surface. Spheres with intermediate sizes are considered to be found in pockets. After finding clusters of spheres 
(with proper sizes) that represent pockets, scores are assigned to these clusters based on the properties of the 
constituent atoms. Although pocket detection is entirely geometric, Fpocket is considered an energy-based 
approach because it uses energetics to rank the detected pockets. Refer to Fig. 3 for an example of the output of 
Fpocket. 
2.2. Materials 
The data set that was used in the comparison consists entirely of apo-structures. The decision to use apo-
structures only is due to the fact that there are cases where the holo-structure is not available, and only the apo-
structure is available (which is often due to the difficulty of experimentally determining the holo-structure as 
opposed to the apo-structure). Furthermore, binding site prediction from apo-structures is more difficult than 
predicting from holo-structures. There are cases where the binding of a ligand causes great conformational 
changes in the protein (such as in periplasmic-binding proteins) while only a slight conformational change can 
greatly change the prediction result [2]. 
The data set was compiled using the LigASite database [21]. LigASite is a regularly maintained database of 
apo-structures for which biologically relevant ligand binding sites are determined from the corresponding holo-
structures and stored. 
First, the non-redundant list of apo-structures listed in LigASite v9.7 was collected from the Protein Data 
Bank [22], and then PDBs with missing residues or atoms were removed from the list because SiteHound 
cannot work with such PDBs. In the end, the compiled list consisted of 276 proteins; 141 single-chain proteins 
and 135 multi-chain proteins; 183 enzymes and 93 non-enzymes. 
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2.3. Methods 
First, the residue-wise probabilities or the set of ranked clusters (depending on the approach used) were 
obtained. Each of the different approaches was run several times; each time on a specific partition of the data 
set. The partitions considered were: 
x The entire data set 
x Single-chain 
x Multi-chain 
x Enzymes 
x Non-enzymes 
Secondly, a training step was performed to obtain the optimal threshold for each approach. Note that the 
outputs of some of the approaches from the previous step needed some special handling or preprocessing (for 
details, refer to Appendix A). The optimal threshold is defined as the threshold that gives the highest value for 
the Matthews Correlation coefficient (MCC) [23]: 
 
 
 
 
 
For approaches that produce residue-wise probabilities, the threshold is a probability value above which to 
‘predict’ a residue as “belonging to a binding site”. As for approaches that produce a set of ranked clusters, 
these clusters were converted into residue-wise probabilities in order for them to be comparable to the rest of 
the approaches (for details, refer to Appendix B). For each apo-structure, the ‘predicted’ residues in the first 
chain were included in the computation of the MCCs, and those in the other chains were ignored (if the apo-
structure was in the multi-chain partition). 
Thirdly, based on the determined optimal thresholds of the approaches (for the threshold values, refer to 
Appendix C), the overall average MCCs were obtained and the results were tabulated. Note that this step (as 
well as the previous training step) was repeated for each partition of the data set. What remained after that was 
the comparing and analyzing of the results. 
3. Results 
Table 2. MCC values of the geometric approaches. For each approach, the best MCC (corresponding to the optimal threshold) for each data 
set partition was obtained and recorded. 
Partition LIGSITE SURFNET DEPTH GHECOM 
Entire 0.38 0.31 0.23 0.33 
Single-chain 0.44 0.35 0.22 0.36 
Multi-chain 0.32 0.27 0.24 0.29 
Enzymes 0.43 0.35 0.26 0.36 
Non-Enzymes 0.28 0.24 0.18 0.26 
 
In all partitions of the data set, LIGSITE turned out the best of the geometric approaches in predicting ligand 
binding site residues in apo-structures (refer to Table 2). In LIGSITE, the prediction performance suffered a 
sharp drop from the single-chain partition to the multi-chain partition. A similar trend can be observed in 
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SURFNET and GHECOM. Another trend that can be observed in all the geometric approaches is the 
performance drop from the enzymes partition to the non-enzymes partition. 
As for DEPTH, a unique observation is that the performance increased from the single-chain partition to the 
multi-chain partition, contrary to the other geometric algorithms. A similar observation was made in [7] where 
a comparison was done between DEPTH and other approaches on holo-structures. Other than that, the 
performance of DEPTH was relatively poor in general (as can be observed from its MCC over the entire data 
set). 
Table 3. MCC values of the energy-based approaches. For each approach, the best MCC (corresponding to the optimal threshold) for each 
data set partition was obtained and recorded. 
Partition SiteHound Fpocket 
Entire 0.35 0.33 
Single-chain 0.39 0.36 
Multi-chain 0.34 0.31 
Enzymes 0.39 0.36 
Non-Enzymes 0.28 0.27 
 
According to Table 3, SiteHound turned out to be the better of the energy-based approaches (based on the 
entire data set partition), and it was better than all the geometric approaches (with the exception of LIGSITE). 
All partitions considered, the performance of Fpocket was highly satisfactory, but the performance of 
SiteHound was slightly better. 
Similarly to the geometric approaches, SiteHound and Fpocket both experienced a performance drop from 
the single-chain partition to the multi-chain partition. Moreover, both energy-based approaches also suffered a 
performance drop from the enzymes partition to the non-enzymes partition. 
Finally, it can be seen from the results in Tables 2 and 3 that the energy-based approaches were generally 
better than the geometric approaches in the multi-chain partition. 
4. Discussion 
4.1. Trends 
It is mentioned in [3] that multi-chain proteins introduce cavities between the chains that often do not bind 
ligands and, as such, act as false-positive traps for purely geometric approaches. This explains the severe 
performance drop observed in the geometric approaches in the multi-chain partition (Table 2). Energy-based 
approaches, however, are more robust in that respect because physicochemical properties of the residues/atoms 
are put into consideration (Table 3). 
It is also clear from the results in Tables 2 and 3 that the prediction of binding site residues is more difficult 
for non-enzymes than it is for enzymes (also observed in [3]). It is worth noting that the affinity of enzyme 
active sites for ligands is higher than that of binding sites in non-enzymes. This could be true due to (1) cavities 
being less well defined in non-enzymes, (2) physicochemical properties of the binding sites being less 
favorable for ligand binding or (3) both. Therefore, it was expected that the prediction of binding site residues 
would give less satisfactory results for either geometric or energy-based approaches. 
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4.2. Observations 
The most interesting observation is the poor performance of DEPTH in predicting binding site residues in 
apo-structures. There is a logical explanation for this outcome. According to [7], the background distribution 
(of depth-SASA values for the different amino acids) was based on a calibration set consisting solely of holo-
structures. Considering conformational differences between apo-structures and holo-structures, this may be the 
reason why DEPTH performed well on holo-structures (in [7]), but not as well on apo-structures. If the 
background distribution used by DEPTH was based on a calibration set that contains apo-structures, then the 
performance of DEPTH in the prediction of ligand binding site residues in apo-structures may have been 
dramatically improved. 
Based on the entire data set partition, LIGSITE was the best performing approach in this comparison. 
SiteHound was the better of the energy-based approaches. LIGSITE was better in the single-chain and enzymes 
partitions while SiteHound was better in the multi-chain partition. All approaches produced similar results in 
the enzymes and non-enzymes partitions, but with LIGSITE particularly being much better in enzymes than the 
rest. Moreover, it is worth noting that the difference in performance between the single-chain and multi-chain 
partitions in LIGSITE (0.12) was more than twice that difference in SiteHound (0.05), which gives an 
impression of robustness. Since a similar robustness can be observed in Fpocket (0.05), this probably means 
that the robustness came from SiteHound and Fpocket both being energy-based approaches. SURFNET and 
GHECOM displayed comparable performance to that of the energy-based approaches in the single-chain and 
enzymes partitions. 
4.3. Cases 
For simplicity, visual comparisons of some predictions are given in Fig. 4-7 for only a subset of the tools; 
LIGSITE, DEPTH, SiteHound and Fpocket. Since SURFNET and GHECOM had results similar to those of 
LIGSITE in most cases (usually with LIGSITE being better), they are represented by LIGSITE in these 
comparisons. The images in Fig. 4-7 are inspired by the PyMol scripts that are produced by ConCavity. 
 
 
 
 
 
 
Fig. 4. Ligand binding site prediction (PDB: 3H2G). The residues colored in magenta are (a) the ‘actual’ binding site residues extracted 
from LigASite. The residues that are colored in red are the ‘predicted’ binding site residues from (b) LIGSITE, (c) DEPTH, (d) SiteHound 
and (e) Fpocket. As can be seen from the images, the prediction was successful for all approaches in this protein, with DEPTH being the 
least successful. 
 
 
 
 
 
 
 
Fig. 5. Ligand binding site prediction (PDB: 2SIL). (a) The ‘actual’ binding site residues; (b) LIGSITE;  
(c) DEPTH; (d) SiteHound; (e) Fpocket. As can be seen from the images, the energy-based approaches performed worst. This protein is a 
single-chain enzyme, so it was expected that LIGSITE would perform the best. 
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Fig. 6. Ligand binding site prediction (PDB: 1NON). (a) The ‘actual’ binding site residues; (b) LIGSITE;  
(c) DEPTH; (d) SiteHound; (e) Fpocket. As can be seen from the images, the energy-based approaches (SiteHound and Fpocket) did well 
while the other approaches did not. This is because the binding site residues are at the edges of the pocket (and not deep inside the pocket 
itself). Furthermore, LIGSITE and Fpocket fell into some false-positive traps near the interface between the chains of this multi-chain 
protein. Although Fpocket is an energy-based approach, it can fall into such traps because the ranked pockets were originally detected 
using a geometric means. 
 
 
 
 
 
 
Fig. 7. Ligand binding site prediction (PDB: 3GVA, chain A). (a) The ‘actual’ binding site residues; (b) LIGSITE; (c) DEPTH; (d) 
SiteHound; (e) Fpocket. As can be seen from the images, the energy-based approaches (SiteHound and Fpocket) did well while the other 
approaches did not. This is because the pocket is not well defined enough to be detected by geometric approaches, and some of the binding 
site residues are at the surface (not even inside the pocket). Note: the incorrectly predicted binding site residues towards the far right (in 
LIGSITE and Fpocket) are at the interface between chain A (shown) and chain B (not shown). This interface provided false-positive traps 
that LIGSITE and Fpocket fell in. 
5. Summary 
A comparison between some tools used for prediction of ligand binding sites in proteins was performed on a 
data set consisting entirely of “apo-structures”, and the results were presented and discussed. The aspect that 
was tested is their ability to predict the binding site “residues”. The comparison procedure was done more than 
once; each time on a specific partition of the data set. The partitions used were single-chain, multi-chain, 
enzymes, non-enzymes and the entire data set. The tools included in the comparison were LIGSITE, 
SURFNET, DEPTH, GHECOM, SiteHound and Fpocket. The data set used was compiled using LigASite 
which is a regularly maintained database containing filtered apo-structures, their biologically relevant binding 
site residues and the corresponding holo-structures from which the binding site residues were determined. 
Each of the approaches was run on the compiled data set, and using the procedure stated in this paper, the 
best overall Matthews correlation coefficient (MCC) for each approach was determined for each of the 
partitions of the data set.  For some of the approaches, some preprocessing of the output was required before 
the MCCs would be determined (for details, refer to Appendix A). 
Based on the comparison results, LIGSITE turned out to be the best predictor on average (i.e. when run on 
the entire data set). SiteHound was the better of the energy-based approaches. LIGSITE was better than 
SiteHound when run on the single-chain and enzymes partitions. SiteHound, being an energy-based approach, 
proved more robust when run on the multi-chain partition. Fpocket (also an energy-based approach) produced 
results that are close to those of SiteHound and displayed a similar robustness. SURFNET and GHECOM 
displayed comparable performance to that of the energy-based approaches. 
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As for DEPTH, it displayed poor performance in detecting binding site residues from apo-structures in 
general. The reason most likely was the use of a background distribution of depth-SASA values that was 
originally computed from a calibration set consisting of only holo-structures. Provided the use of another 
distribution that is based on a calibration set containing apo-structures, the performance of DEPTH may 
improve to be comparable to the other approaches. 
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Appendix A. Special preprocessing 
A.1. SiteHound 
In SiteHound, there are two probes used for prediction of ligand binding sites; a methyl probe and a phosphate 
oxygen probe. On each of the proteins in the data set, SiteHound was run twice; once with each probe. The 
prediction result of each run was a group of clusters each of which was assigned a TIE score. The special 
preprocessing here was to normalize the TIE scores of the clusters from each probe by their local minimum 
(maximum negative) and then merge the clusters from both probes by ranking them all collectively based on 
their normalized TIE scores. Having the final set of ranked clusters, the procedure of the comparison proceeds 
as explained earlier. 
A.2. GHECOM 
The output of GHECOM is a set of atom-wise probabilities. This set of atom-wise probabilities is converted 
into a set of residue-wise probabilities by assigning each residue the highest atom-wise probability among those 
of its constituent atoms. Furthermore, for each protein, the probabilities are normalized by dividing over the 
maximum probability found in the protein itself. 
Appendix B. Converting ranked clusters to residue-wise probabilities 
To convert a set of ranked clusters into a set of residue-wise probabilities (or scores), the score of each cluster 
is assigned to its constituent residues. If a residue is found in more than one cluster, then the residue is assigned 
its score from the cluster with the higher score. If a residue is not found in any of the clusters, it is assigned a 
score of 0. 
Appendix C. Optimal Thresholds 
Following are the optimal thresholds that correspond to the MCC values of the different approaches in the 
different data set partitions. 
 
Partition LIGSITE SURFNET DEPTH GHECOM SiteHound Fpocket 
Entire 0.201 0.378 0.301 0.360 0.752 0.196 
Single-chain 0.191 0.385 0.351 0.369 0.960 0.233 
Multi-chain 0.161 0.340 0.251 0.363 0.704 0.147 
Enzymes 0.201 0.365 0.301 0.358 0.752 0.196 
Non-Enzymes 0.161 0.408 0.241 0.307 0.806 0.182 
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Appendix D. Parameters 
Parameters used to produce the results given in this paper have been the default values. The only exception was 
in DEPTH. The parameter modified was the minimum number of solvent molecules neighboring a specific 
solvent molecule in order for it to be considered a ‘bulk’ solvent molecule. The value used in this paper is 5. 
